A dults without established cardiovascular disease (CVD) are recommended to undergo periodic risk assessment every 3 to 5 years.
CVD Prediction With Repeated Measurements
studies have reported that blood pressure and lipid variability were stronger predictors of CVD events than single measured values. [16] [17] [18] However, it is not clear how to incorporate variability information in the CVD risk assessment model for persons who undergo periodic health screening. Thus, we developed a new CVD prediction model using the average, SD, and minimum and maximum values of CVD risk factors that have been repeatedly measured at periodic health screenings and compared its performance to a traditional model based on single measured risk factors.
Methods

Study Population
The National Health Insurance System (NHIS) provides not only healthcare benefits but also regular general health screenings for all citizens and residents of South Korea. All insured adult individuals are eligible for the NHIS health screening program, which is conducted biennially (annually for manual workers). The participation rates in the general health screening program among the eligible population was 74.8% in 2014. 19 The NHIS-HEALS (NHIS-National Health Screening Cohort) consisted of 514 795 persons (10% random sample of all eligible) who were aged between 40 and 79 years and completed the NHIS health screening examination in 2002 or 2003. Therefore, the results of the health screenings were used as baseline data, and the follow-up was conducted until the end of 2013, unless a participant was disqualified from the health services owing to death or emigration. From the original 514 795 persons, we excluded those with a diagnostic or treatment history of CVD and those who had a diagnosis of CVD within a year after the first health screening. The participant's medical history was identified by physicians' diagnoses coded according to the International Classification of Diseases, Tenth Revision, prescribed medicines, and self-reported medical history. Consequently, 256 108 men and 211 600 women without CVD at baseline were used as the study population. Subsequently, the 467 708 adults were randomly divided into 2 subcohorts: 70% for development and 30% for validation of CVD risk prediction models.
This study was approved by the Institutional Review Board of Yonsei University, Severance Hospital, Seoul, South Korea. Data in the NHIS-HEALS were fully anonymized for all analyses, and informed consent was waived and not specifically obtained from each participant.
Risk Predictor Variables
Age, sex, body mass index (BMI), systolic blood pressure (SBP), diastolic blood pressure (DBP), fasting plasma glucose (FPG), serum total cholesterol (TC), cigarette smoking, and regular exercise were used as risk predictors. Resting SBP and DBP were measured at each health screening. Standing height and body weight were measured, and BMI was calculated using these values. Overnight fasting blood samples were collected for measurement of plasma glucose and serum cholesterol levels. Each participant's medical history, family history, and smoking and exercise habits were identified using a self-reported questionnaire. Smoking and exercise status were dichotomized as current smoking versus not smoking (including never-smokers and former-smokers) and as regular exercising versus not exercising, respectively. Of the study population, 6.1% lacked information on at least 1 variable. The most commonly missed information was the health-related lifestyle data obtained from the questionnaire, with the highest missing rates for smoking at 5.00% and for exercise at 2.46%. For these missing data, mean imputation was used based on the results from the whole study sample at each health examination.
Outcomes
The outcome of interest was CVD, which includes cardiovascular death, myocardial infarction, stroke, and obstructive coronary artery disease requiring coronary artery intervention or bypass surgery. The CVD events were ascertained on the basis of diagnosis and treatment information from the NHIS claims database and the National Cause of Death Statistics database. Both the diagnosis and cause of death were recorded according to the International Classification of Diseases, Tenth Revision, codes. International Classification of Diseases, Tenth Revision, diagnosis codes and procedure codes for ascertaining outcomes are shown in Table I in the Data Supplement.
Development of Prediction Models
As it has been known that significant differences existed in the relations between risk factors and CVD according to sex, 20 we developed CVD prediction models separately for men and women. To develop the risk model, an a priori decision was made that assumes the variables of age, BMI, SBP, DBP, TC, FPG, smoking, and exercise as predictor variables. Cox proportional hazards model was used to estimate the coefficient value for each predictor variable in the development subcohort. We used data for people who completed at least 3 screening examinations and had been followed up for at least 5 years after the last examination. The time to event was defined as the time between the date of the last health screening and the date of the first CVD diagnosis. To evaluate the incremental predictive value of repeated measurements of risk factors, we developed 3 different prediction models. First, the single measure (SM) model used risk factor information that was obtained only from the last screening examination. Second, the longitudinal average (LA) model used the average value of each risk factor that had been measured repeatedly during the periodic health screening examinations. Third, we developed another longitudinal model, the longitudinal summary (LS) model, that used the mean, minimum, maximum, and SD values for continuous variables and the mean and SD values for categorical variables, which were calculated from the periodic health screening data. For each subject, we calculated the mean, minimum, maximum, and SD values for continuous variables. For the categorical variables of smoking and exercise, presence and absence were coded as 1 and 0, respectively, whereas the average values and SDs were calculated from the repeatedly measured risk factors in the follow-up period. If the average value was <0.5, it was coded as 0; if it was >0.5, it was coded as 1 in the LS model. Figure 1 shows a schematic example of the period of risk factor measurement and the follow-up period.
The probability of developing CVD within 12 years (t=12) for a person with K risk factors is estimated as follows:
are Cox proportional hazards model coefficients; x x k 1 , , … are the
WHAT IS KNOWN
• Performance of existing cardiovascular disease (CVD) risk prediction models is not satisfactory and may not be applicable to all populations.
• Some predictors of incident CVD change over time, which contributes to poor performance of models that rely on risk factors assessed at a single time point.
WHAT THE STUDY ADDS
• Using averages of CVD risk factors measured over time modestly improved the ability to predict incident CVD compared with single measures in men and women.
• However, incorporating both average and variability information of CVD risk predictors assessed over time resulted in large improvements in our ability to predict CVD.
value of K risk factors at baseline; and M M k 1 , , … are the average values of the corresponding risk factors.
Validation of Prediction Models
The prediction performances of the 3 models we developed were evaluated in the validation subcohort. Model discrimination was quantified by calculating the C statistics for the survival model. The C statistic is a concordance measure analogous to the area of the receiver operating characteristic curve for the logistic model. 21 Integrated discrimination improvement was also calculated for comparing the difference in the discriminatory performance between the SM and LA models and between the LA and LS models. Reclassification performance was also evaluated using a reclassification table and the net reclassification improvement (NRI) index between the SM and LA models and between the LA and LS models. The NRI is calculated as the change in estimated prediction probabilities, suggesting the switch from one category to another. 22 For calculation of the NRI, we used 3 CVD risk categories of <10%, 10% to <20%, and ≥20% in 10 years. All statistical analyses were performed using SAS version 9.4 (SAS Inc, Cary, NC) and R Statistical Package (www.R-project.org). The statistical significance criterion was set at P <0.05. Table 1 shows the baseline characteristics of the development and validation subcohorts. In the development subcohort, male participants were younger and had higher BMI, SBP, DBP, and FPG but lower TC levels than their female counterparts. Cigarette smoking and regular exercise were also more common in men than in women. The baseline characteristics of the validation subcohort were similar to those in the development subcohort. The mean values of variables during repeated health examinations and their changes are demonstrated in Table II in the Data Supplement and Figure 2 . Tables 2 through 4 show the hazard ratio and 95% confidence interval for developing CVD of each risk predictor in the SM, LA, and LS models, respectively. Single measurements of age, BMI, SBP, DBP, FPG, TC, smoking, and nonexercise at the health screening were associated with the risk of developing CVD. BMI was negatively associated with the risk of CVD in men, whereas it showed a positive association with CVD in women ( Table 2 ). Among the 8 risk factors, age, SBP, smoking, and nonexercise were significant predictors of CVD in both sexes, whereas the others showed a relatively weak association. The association between cigarette smoking and CVD was more prominent in women (hazard ratio, 1.49) than in men (hazard ratio, 1.35).
Results
When we used the average values of repeatedly measured risk factors instead of baseline levels (LA model), the average of each of the 8 risk factors independently predicted CVD risk in both sexes. In the LA model, cigarette smoking was also more closely associated with CVD risk in women than in men (Table 3) . In the LS model, which uses both average and variability information of the risk factors, the predictive value of each risk factor differed between men and women. In men, CVD risk was significantly associated with higher long-term average levels of SBP, FPG, smoking, and physical inactivity, but not with averages of BMI, DBP, or TC. However, men's CVD risk was significantly associated with wider SDs of BMI, SBP, DBP, and TC and with narrower SDs of smoking and nonexercise. In women, CVD risk was significantly associated with higher long-term average levels of smoking and inactivity; wider SDs of BMI, SBP, DBP, and TC; and narrower SDs of smoking and physical inactivity ( Table 4) .
The performance of the 3 CVD prediction models was evaluated by discrimination and reclassification indices ( Table 5 ). The most widely used discrimination indicator, the C statistic, was 0.690 for the SM model, 0.695 for the LA model, and 0.752 for the LS model for CVD prediction in men and was 0.732 for the SM model, 0.735 for the LA model, and 0.790 for the LS model for CVD prediction in women. The integrated discrimination improvement was calculated to quantify the increase in discrimination power between 2 prediction models. From the SM model to the LA model, the integrated discrimination improvement value was 0.003 in both sexes. However, from the LA model to the LS model, the integrated discrimination improvement value was much greater: 0.066 in men and 0.072 in women. Similarly, reclassification improvement was greater from the LA model to the LS model than the improvement from the SM model to the LA model. The NRI from the SM model to the LA model was 1.78% in men and 1.33% in women, whereas the NRI from the LA model to the LS model was 32.71% in men and 34.98% in women (Table 5) .
Discussion
The principal finding of the current study was that the LS model, which included diverse information on the average, minimum, maximum, and SD values of multiple CVD risk factors, outperformed not only the model based on baseline values but also the model based on the average values of multiple health screenings. This finding suggests that incorporating longitudinal information, especially variability information, has an incremental predictive value for CVD risk assessment.
To our knowledge, this is the first study to assess the clinical use of a CVD prediction model by using the cumulative exposure level and long-term variability of repeatedly measured risk factors in a large health screening cohort. We built the LA model to evaluate the role of averaging values over single point values, but the improvement in the predictive power of the LA model over the SM model was only modest. We additionally developed the LS model and found that the additive predictive power of the LS model over the SM model was considerable. The main improvement of the predictive power in the LS model, therefore, might be associated with incorporation of the variability information such as SD, minimum, and maximum values in the prediction model. Our findings suggest that longitudinal data analysis of long-term averages and variability of exposure to risk factors might have an incremental value for CVD risk prediction.
Increasing evidence suggests that the average level and variability of CVD risk factors are associated with clinical outcomes. Blood pressure variability has been the most extensively studied in relation to CVD risk. Blood pressure measurement in the office setting is often criticized for having systemic and random errors. 23 A meta-analysis reported that the long-term average blood pressure was strongly associated with increased CVD mortality risk, 17 suggesting the clinical importance of periodic blood pressure measurement. The importance of variability information on CVD risk factors has been increasingly reported. The visit-to-visit variability of SBP was associated with mortality, CVD, 16, 17, 24, 25 and renal outcomes. 17 The variability of low-density lipoprotein cholesterol was also reported as an independent predictor of unfavorable cardiovascular outcomes in patients with coronary heart disease. 18, 26 Fasting glucose variability was also reported to be a predictor of ischemic stroke in patients with diabetes mellitus. 27 Several studies have shown that BMI variability was associated with increased all-cause mortality. [28] [29] [30] Therefore, considering these additional values of the visit-to-visit variability of cardiovascular risk factors, it would be more beneficial if long-term variability information could be incorporated into the prediction model. However, little information was available on the predictive value of the variability of multiple cardiovascular risk factors. Our findings show that periodic health screening can improve the ability to identify persons at high risk for CVD compared with the single point health screening, and the long-term variability of risk predictors should be used to maximize prediction performance.
Sex differences in CVD risk factors have been well investigated. 20 During the model-building process, we found significant sex difference in risk factors for CVD prediction, as we reported previously. 31, 32 For the SM and LA models, BMI demonstrated different associations with CVD between men and women, although the prediction power of BMI was relatively small compared with other risk factors. In the LS model, the average values of traditional CVD risk factors, such as BMI and SBP, were significant predictors of CVD in men but not in women. Average SBP, which has been reported to be a strong predictor for CVD, failed to demonstrate predictive significance for CVD in women. One of the possible explanations for the incapability of SBP to predict CVD might be the lower SBP distribution in women compared with that in men. SBP in women was relatively low, and the majority of women had blood pressure values within the normal range at baseline. Therefore, in women, the variability rather than the mean value of SBP can better predict the risk of CVD. In our data, the proportion of current smokers was much higher in men than in women, consistent with a big sex difference in the smoking rate reported in other Korean studies. 32 Although a difference in the risk factor profile of men and women is also seen in other populations, it is more prominent in the Korean populations. 20 This may have exaggerated the differences in BMI indicates body mass index; CI, confidence interval; DBP, diastolic blood pressure; FPG, fasting plasma glucose; HR, hazard ratio; SBP, systolic blood pressure; and TC, total cholesterol. CVD Prediction With Repeated Measurements predictive power of the risk factors in our CVD prediction models between men and women.
Interestingly, the SDs of multiple measurements had significant predictive value and some demonstrated even better predictive value than the long-term average of exposure levels in both men and women. Higher SDs of cardiovascular risk factors including BMI, SBP, FPG, and TC were associated with a higher risk of future CVD in both men and women, as expected from previous studies suggesting an association of greater variability with higher risk. In contrast, high SD values for exercise in both sexes and for smoking in men were associated with a lower risk of CVD. It is unclear how the changes in health habits are associated with lower CVD risk, but it may be explained, at least in a part, by the fact that irregular exercise and intermittent quitting of smoking are associated with a lower risk of CVD than continuous physical inactivity and continuous smoking. The effects of changing health-related lifestyle factors on CVD risk need to be further investigated when evaluating lifestyle factors for disease prediction.
The NHIS-HEALS cohort has some important advantages as a nationwide cohort undergoing periodic health screenings. Self-selection and low participation rates are common problems in epidemiological studies of asymptomatic persons. 33 In the Korean NHIS, all insured employees or self-employed persons over the age of 40 years are required, and their dependents are recommended, to regularly undergo the NHIS health examinations. The participation rates of the general health screening program are very high, ≤74.8% in 2014, 19 suggesting that the NHIS-HEALS could represent the middle-aged Korean population. Therefore, the main clinical significance of the current study would be our finding of the novel use of the periodic health screening of CVD risk factors in a cohort representing the generalized middle-aged Korean. Until now, results of health screening examinations have been interpreted as single point values, even though periodic health screenings are performed repeatedly covering most of the nationwide population to improve health services.
This study is not without limitations. First, CVD events were identified from the health insurance claims database, and the diagnosis was not adjudicated by medical record review or laboratory tests. Second, the measurements of CVD risk factors were not well standardized because health examinations were conducted in nationwide screening centers. However, the methods for measuring risk factors would not have noticeably changed over time because health screening tests were performed at medical institutions qualified for the screening program and the protocols for the national health screening did not change during the study period. Third, some risk predictors included in the prediction model did not satisfy the assumptions required for proportional hazard analysis (Table III in the Data Supplement) . However, we used proportional hazard analysis, which has been the most widely used for CVD prediction, because our main purpose was to assess whether we could improve the predictive power of existing models by using repeatedly measured data. In addition, some CVD risk factors such as low-density lipoprotein cholesterol, high-density lipoprotein cholesterol, triglyceride, and inflammatory markers were not measured. The proposed model has been tested only in middle-aged Korean adults; therefore, the results could not be directly applied to other populations.
Conclusions
Our findings from a large nationwide cohort of periodic health screenings indicate that the use of longitudinal averages and variability information can improve the performance of CVD prediction models. 
